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We investigate the spatial distribution of groundwater at high elevations in Hawai‘i Island’s
Keauhou aquifer system, where a sparse distribution of water wells indicates anomalously
high head levels that are likely caused by a geological structure of unknown nature. To
study this system, we have conducted a magnetotelluric (MT) survey on a transect climb-
ing the southwestern flank of the Hualālai shield volcano. We carry-out a 2D deterministic
inversion using MARE2DEM (a freely available MT modeling program), producing an im-
age of the bulk electrical resistivity distribution in the subsurface. We explore the use of
1D, station-by-station, Bayesian inversions (using our own software), in an attempt to sup-
plement the limited amount of water wells at higher elevations, by creating ‘virtual water
wells’ from MT stations that can be used to infer e.g. head-level information. Even though
we can infer information about the subsurface groundwater distribution with reasonable
accuracy, we infer that the vertical resolution of the MT data is most likely insufficient to
be used as actual virtual water well head-level data. However, the MT results are antici-
pated to be useful for roughly validating and constraining hydrological models in terms of
e.g. different hydrogeological regimes.
Comparing the 1D inversion results with the 2D results, we find that the 1D inversion
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results match the 2D results reasonably well for most stations, especially until the depth
at which seawater associated resistivities are encountered. Using the uncertainty quantifi-
cation of the Bayesian inversions, we determine that depths of up to approximately 1 km
beneath mean sea level are well constrained by the data. To first order, the 2D image
exhibits a layered resistivity structure. Based on literature values for the resistivities of
Hawaiian basalts under various saturation conditions, these layers are consistent with (in
order of increasing depth), unsaturated Hawaiian basalt, freshwater-saturated Hawaiian
basalt, and seawater-saturated Hawaiian basalt. A large head gradient delineating inland
high-level heads from coastal low-level heads is also evident in the image as an apparent
discontinuity in the freshwater valued resistivities. Resistivities associated with seawater-
saturated basalts occur in the high-level aquifer starting at a depth of approximately 1 km
beneath mean sea level, suggesting that the high-level aquifer is a vertically extensive body
of fresh water that is hydraulically continuous with seawater, most likely via a brackish
water mixing zone.
In light of the virtual water-well approach, the resistivities from the 2D image are inverted
for porosity and saturant salinity, using an Archie’s law-based Bayesian inversion routine
that we have developed. The resulting salinity profile reflects an increase in salinity with
depth, but with very few samples meeting or exceeding the salinity of seawater. Due to
the non-identifiability of the Archie’s law parameters, incorporating sufficient, high-quality
prior information is probably key when trying to obtain useful outcomes, for example by
constraining parameter ranges in terms of depth range, using prior porosity information
from core samples, or using prior salinity information from water wells in the region.
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The Hawaiian islands depend predominantly on local aquifers for drinkable water (Gin-
gerich and Oki, 2000) (Lau and Mink, 2006), underscoring the importance of understand-
ing how these resources behave. In contrast, Izuka et al. (2018) described high-elevation
groundwater in the Big Island of Hawai‘i’s Keauhou and Kīholo aquifers, as a ‘groundwater
enigma’ (Izuka et al., 2018, Page 105). Large hydraulic gradients are observed in these
aquifers, across a line termed the high-low divide (or basal divide), trending roughly par-
allel to the coastline (Fig. 1-1). Water levels in wells drilled on its coastal side are on the
order of a few meters above mean sea level (AMSL), while a few kilometers inland they
instead range from tens to hundreds of meters AMSL. This large head gradient suggests
that geological structures in the subsurface, whose origins are largely unknown, form a hy-
drological barrier to groundwater flow towards the coast. Proposed geological mechanisms
for the divide have included complexes of nearly impermeable dikes, sequences of ‘massive’
low permeability lava flows, and a fault system trending parallel to the coast (Oki, 1999).
Evidence suggesting that the high-level resource is comprised of interconnected compart-
ments was presented by Bauer (2003), with the author concluding that multiple geological
mechanisms are likely to be at play. More recently, Fackrell (2016, Fig. 3.7c) presented
a model with shallow perched groundwater resting hundreds of meters above a vertically
extensive confined aquifer. Although the high-level classification has been used in the past
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to describe freshwater that is not in contact with seawater (Mink and Lau, 1993) (Bauer,
2003) (Lau and Mink, 2006), many of these models involve interactions between the high-
level resource and the seawater presumed to underlie the coastal resource. Water wells
in the high-level aquifer are clustered close to the divide line, making direct observations
of the subsurface, with which hydrological models of these conceptual models could be
validated and/or constrained, virtually non-existent.
Because the bulk electrical resistivity of a rock changes when it is saturated with water (and
also when the resistivity of the water changes), electromagnetic (EM) geophysical methods
such as electrical resistivity tomography (ERT), time-domain electromagnetics (TDEM),
and the magnetotelluric method (MT), which produce estimates of the subsurface distri-
bution of bulk electrical resistivity, can provide particularly valuable information about
high level groundwater. Rai and Manghnani (1981) tested the bulk electrical resistivity of
Hawaiian basalt samples of varying porosity, and saturated with four solutions of varying
salinity, demonstrating a correlation between bulk resistivity, porosity, salinity, and confin-
ing pressure. Pierce and Thomas (2009) conducted an MT groundwater exploration survey
in the Big Island’s Humu‘ula Saddle region, reporting resistivities for dry- and freshwater-
saturated basalts based on borehole water-level observations. Other factors potentially
influencing bulk resistivity include temperature, chemical alteration, the presence of clay
minerals, and the rock’s surface conductance (Revil et al., 2016)(Revil et al., 2018), which
we do not consider in this work.
Utilizing results from these studies as a basis for interpreting resistivity images in volcanic
environments, we can use the distribution of bulk resistivity in the high-level aquifer as
a proxy for the presence and salinity of water in the subsurface, and in turn infer if the
high-level freshwater body is truncated with seawater, possibly via a brackish mixing zone.
Presuming that the high-level resource is a vertically extensive body of fresh groundwater,
juxtaposed with a thin basal coastal aquifer, we should additionally be able to see the
hydraulic discontinuity between the two regimes as a large change in resistivity across
the divide line. Further inland, we may be able to identify perched groundwater bodies,
provided that they are large enough to produce a noticeable signature in an MT resistivity
image. Surface elevation on the high-level side of the divide ranges above 500m AMSL,
placing our potential fresh and saltwater targets outside of the depths of investigation for
near-surface EM techniques like ERT and TDEM, but well within reach for an MT survey.
To image the electrical resistivity distribution in the Keauhou aquifer, we have conducted
an MT survey along a transect trending perpendicular to the Kona coast (Fig. 1-1). We use
2









Figure 1-1: Map showing MT station deployments (white triangles), water wells and their
initial head levels (colored circles), and the presumed location of the high-low
divide (dark blue solid line) based on observed head levels (adapted from Fackrell
(2016)). The remote reference’s location is shown by a white triangle on the
inset map. The red box on this inset map indicates the study site (main map).
The contrast between high- and low-level well heads is strongest in the southern
portion of the study site, where high-level heads are on the order of hundreds
of meters AMSL.
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the data from this survey to form a 2D image of the subsurface electrical resistivity be-
neath the transect. We also form 1D estimates of the posterior probability distribution of
resistivity beneath each MT station location, which were used to determine the reliably in-
terpretable regions of the 2D image. Using bulk resistivity values from Rai and Manghnani
(1981) and Pierce and Thomas (2009) for dry, freshwater-saturated, and seawater-saturated
Hawaiian basalts, we attempt to identify hydrogeological features in the image that are
consistent with the vadose zone, freshwater-saturated rock, and seawater-saturated rock,
in turn determining if seawater may be present in the high-level aquifer, along with the
depths at which it may occur. Finally, in order to quantify salinity versus depth in the
high-level aquifer, we develop a method for using resistivity data to estimate the posterior
probability distributions of salinity and porosity in saturated formations. We apply this
workflow to a subset of our 2D electrical resistivity image.
1-2 Site description
The Keauhou aquifer system is situated on the southwestern flank of the shield volcano
Hualālai, and is comprised of Hualālai volcanics, with some evidence from wells outside
Keauhou that at depth, the Hualālai flows interfinger with flows from Maunaloa, a younger
shield volcano to the south (Bauer, 2003). The rocks in the subsurface are predominantly
basalts, with core logs in the study area revealing some trachytes as well (Bauer, 2003,
Table 2). In an archetypal basal Hawaiian groundwater system comprised of permeable
flank lavas (a scenario presumed accurate for the low-level aquifer), the density contrast
between fresh- and saltwater causes fresh groundwater to float on top of seawater. Assum-
ing that the flow of the water is predominantly horizontal, the depth to the midpoint of the
freshwater to saltwater transition zone can be approximated from head-level measurements
using the Ghyben-Herzberg ratio (Lau and Mink, 2006, Appendix 6.1), which predicts a 40
to 1 ratio between the depth of the transition zone midpoint below mean sea level (MSL),
and the head level above MSL, respectively. Substituting a maximum low-level head of
4.2m AMSL (Bauer, 2003) into this relationship yields a maximum low-level aquifer thick-
ness of 168m. In contrast, applying the Ghyben-Herzberg ratio to the observed high-level
heads yields high-level aquifer thicknesses on the order of kilometers.
Throughout the Hawaiian islands, high-level groundwater generally occurs as either dike-
impounded water, in which low permeability, vertically-oriented intrusive formations re-
strict the lateral movement of freshwater, or as perched groundwater resting on low-
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permeability layers such as ash deposits and unusually dense lava flows (Lau and Mink,
2006). Dike complexes are formed at or near a volcanoes rift zone, as magma migrating
through the subsurface penetrates the country rock, with the resulting thin, sheet like
structures oriented parallel to the rift zone. In our study site, the presumed location and
orientation of the high-low divide are not associated with any of Hualālai’s known rift
zones. The presence of intrusives along the divide would thus require the existence of an
undiscovered, buried rift zone (Bauer, 2003). We presume that intrusive formations, due to




Magnetotellurics: theory and methods
2-1 The magnetotelluric method
The magnetotelluric method (MT) is a technique for characterizing the electrical resistivity
distribution of Earth’s subsurface. Natural variations in the Earth’s magnetic field induce
electrical currents in the subsurface (termed telluric currents), which in turn emit sec-
ondary electric and magnetic fields, such that surface measurements of the net electric and
magnetic fields can be used to infer the subsurface spatial distribution of electrical resistiv-
ity (Chave and Jones, 2012). Data loggers equipped with magnetometers, ground dipole
antennas, and GPS receivers, are deployed in the field to measure temporal variations in
the Earth’s electric and magnetic vector fields, which in the frequency domain are linearly
related by the electromagnetic impedance tensor (Chave and Jones, 2012). Denoting the
frequency-domain forms of the horizontal surface electric and magnetic vector fields as E
and H, respectively, and the impedance tensor as Z, the relationship between these three
















where the subscripts x and y occurring in the electric and magnetic vector field expressions
denote orthogonal horizontal field components, with the x direction commonly aligned
parallel to true North. In a 1D isotropic ‘layer-cake’ Earth model, the diagonal elements
of Z are zero, and the off diagonals are the negatives of one another. In a 2D Earth model
with isotropic resistivities, the diagonal elements are still both zero, and the off-diagonal
elements are independent. In a 3D isotropic (or 2D anisotropic) Earth, all four components
of Z are independent (Simpson and Bahr, 2005). The apparent resistivity ρa is a derived
quantity representing the ‘average’ resistivity of the Earth at a given frequency. In a
homogeneous halfspace, ρa is equal to the halfspace resistivity. Together with impedance
phase ϕ, ρa is commonly used in place of Z for analysis, as ϕ and ρa are generally thought to
be more intuitive than Z, and have also been demonstrated to provide some computational
benefit over Z (Wheelock et al., 2015). For each element Zij of Z, apparent resistivity and




, ϕij = Arg{Zij} . (2-2)
Here, the subscripts ij denote index notation, where these subscripts can take the values 1,
2, and 3 corresponding to the three spatial directions in a right handed coordinate system
(with positive x3 oriented downwards). The vertical component of the magnetic vector field
can additionally be related to the horizontal components by means of a transfer function
known as the tipper (Chave and Jones, 2012). However, tippers are not used in this study,
and are hence not discussed further.
Apparent resistivities and phases (or impedances) from different MT stations are combined
and inverted to form images of the subsurface resistivity distribution that, due to the
low-frequency, large-wavelength nature of the MT source fields and induced fields, can
reach hundreds of kilometers in depth (depending on the acquisition parameters). Low-
frequency signals (10Hz to 1000 s) are generated by fluctuations in the shape of Earth’s
magnetosphere (which occur due to temporal variations in solar wind pressure), while
relatively high-frequency signals (1 kHz to 10Hz) are generated when worldwide lightning
strikes excite the Earth-ionosphere waveguide’s Schumann Resonances (Chave and Jones,
2012, Chap. 3). This reliance on naturally-occurring signals circumvents a significant
source of survey design complexity and deployment overhead incurred by active source
techniques like seismic imaging and ERT, and as a consequence, MT data can be collected
rapidly over large swaths of land. The clear downside to this dependence on natural source
mechanisms, is that the quality of the recorded signals can become dominated by source
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field behavior and cultural noise, factors that are largely out of a practitioner’s control.
In our survey, 12 MT stations were collected over an approximately 10 km long transect,
with each station left in the field for 1/2 to 4 day long recording intervals. The high-low
divide’s presumed location per Fackrell (2016) (see Fig. 1-1) passes through the neighbor-
hood of Holualoa, limiting the survey’s southwestern extent. Each station consisted of a
Phoenix brand MTU-5A MT data logger deployed alongside Phoenix MTC-150 coil mag-
netometers, and Phoenix PE5 non-polarizing electrodes. Only horizontal magnetic fields
were recorded (precluding the use of tippers), because the shallow topsoil layer encountered
throughout the survey area was truncated by hard rock.
2-2 Data processing
The term data processing refers to the act of estimating the components of the impedance
tensor (along with their uncertainties), from time domain measurements of E and H. For
a single frequency, short-time Fourier transforms of the time-domain electric and magnetic
field recordings constitute observations of the outputs and inputs, respectively, in a linear
system defined by equation (2-1). Although ordinary least squares can then be used to
estimate Z from equation (2-1), this approach often yields biased estimates (Chave and
Jones, 2012, Chap. 5.1). So-called robust processing algorithms employ estimators rooted
in the field of robust regression, which aim to mitigate the effects of ‘unusual’ data on
the final impedance and uncertainty estimates. The ‘quality’ of the impedance estimates
can be further improved using remote-reference processing schemes, e.g. (Gamble et al.,
1979), in which each station is processed with data acquired simultaneously from a remote
station, with the aim of reducing bias in the final impedance estimates.
The raw data from each station collected in our study, are processed using software imple-
menting one of two different robust processing algorithms. Nine of the collected stations
(PAL[0–2], PAL4, PALB0, and PALB[2–5]; see Fig. 2-1 for station names) are processed
using a least trimmed squares algorithm described in (Jones and Jödicke, 1984), imple-
mented using the Phoenix geophysics brand SSMT-2000 data processing toolchain (bun-
dled with the field instruments). The remaining three stations (PALB3, PAL5, and PAL6)
exhibit particularly noisy impedance estimates after processing with SSMT-2000, and are
subsequently re-processed using the bounded influence algorithm described in (Chave and
Thomson, 2003) and (Chave and Thomson, 2004), implemented using their Bounded In-
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fluence Remote Reference Processing program (Chave, 2004). Remote reference processing
schemes are applied in both cases, using data from a dedicated station located in the Big
Island’s Humu‘ula saddle region (see Fig. 1-1 inset) as the remote reference data. The final
products after applying these data processing workflows, are estimates of the impedances
for each station.
2-3 Inversion strategies
With estimates of the station impedances in hand, from hereon referred to as the data,
the task shifts to inferring the resistivity model that best describes the data (a type of
geophysical inverse problem). One approach to solving the inverse problem is to cast it as
a deterministic, non-linear constrained optimization problem, under the assumption that
the data are independent and normally distributed. The Occam’s Inversion (Constable
et al., 1987), is one such implementation of this strategy, in which the objective function
is a scalar valued function R, representing the net spatial roughness (in a first spatial
derivative sense) of the model vector m, whose elements correspond to the base-10 loga-
rithms of the resistivities in a subsurface discretization mesh. Under the constraint that
m must yield synthetic data that fit the vector d of ‘observed’ data, within an acceptable
upper misfit bound χ2∗, this formulation is designed to yield estimates of m that are max-
imally ‘smooth’ for a given χ2∗, a property that while perhaps lacking realism (given that
in highly stratified environments like sedimentary basins, the smoothness supposition is
clearly violated), helps to constrain what is in general an ill-posed problem. The equivalent





∥W(d− F(m))∥2 − χ2∗
]
(2-3)
where the vector-valued forward function F, represents a physics-based simulation that
returns synthetic MT data, W is a diagonal matrix of reciprocals of the standard deviations
of the data, µ is the Lagrange multiplier, and controls the degree of smoothness in the final
estimate, and R is a bi-diagonal first difference matrix, such that the first term in the
objective function constitutes the net spatial roughness of m, and the solutions to (2-3)
simultaneously minimize both misfit and roughness.
So-called Bayesian inversions offer an alternative approach to the optimization problem
formulation, that seeks to estimate the posterior density function fM|D, of the model
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vector M, given observations from a data distribution D (where the uppercase notation is
used to emphasize that the quantities are random variables). Using Bayes’ rule (Bertsekas






where fD|M is the likelihood function, fM is the prior distribution (also known simply as
the prior), and Ω is the set of all possible values for M. The prior is a key feature of the
Bayesian approach, representing the practitioner’s a priori belief in the likely parameter
values, and can be used to incorporate regularization and domain specific knowledge into
the model. The posterior is thus constructed by assuming a conditional distribution for the
data (given parameter values), and a marginal distribution for the parameters, providing
us with a method of forming parameter estimates that explicitly encode our assumptions
about the overall system.
Point estimates of M can be obtained from equation (2-4), for example by estimating the
posterior’s median or maxima. This probabilistic formulation of the inverse problem also
permits quantification of the uncertainty in the parameter estimates, through estimation
of the posterior density function. However, interrogating the posterior by directly evaluat-
ing equation (2-4) is only computationally tractable for low-dimensional parameter spaces,
due to the numerical integration required to evaluate the denominator. Samples of the
posterior, drawn using a Markov chain Monte-Carlo (MCMC) sampling algorithm, can
alternatively be used as a proxy for equation (2-4) (Gelman et al., 1995). In this approach,
the computational effort is spent largely on repeated evaluation of F, encountered during
evaluation of the likelihood function. Because accurate representation of the posterior den-
sity generally requires a large number of draws from the posterior distribution (thousands
or more, depending on the sampling algorithm used), MCMC sampling for complicated
physical models remains computationally challenging in two or three spatial dimensions.
In this study, we present the results from both deterministic and probabilistic inversions of
our MT data. The 2D, deterministic inversions are carried out using MARE2DEM (Key
and Ovall, 2011) (Key, 2016), a dual grid, finite element, MT modeling program, that
implements Occam’s inversion. The data-set is restricted to the band 1.02Hz to 780Hz, as
data quality outside this range is highly variable. Data from PALB5 is especially corrupted
with cultural noise (due to its close proximity to powerlines, homes, and a highway), so we
restrict it to the range 79Hz to 450Hz. The survey line used for constructing the model
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is chosen from a least-squares fit to the station locations, yielding a trend of 19.5◦ North-
East. We then rotate the impedance data from each station using subroutines from the
Python library MTpy (Krieger and Peacock, 2014) (Kirkby et al., 2019), so as to make Hy
parallel with the survey line. An 8% error floor is ascribed to the data, in order to prevent
over-fitting, and a 100Ωm half space is used as the initial model. The data in the 2D
inversion is a vector of base-10 logarithms of xy and yx apparent resistivities, along with
xy and yx phase, and the parameter vector is the base-10 logarithm of the resistivities of
the parameter mesh elements.
In order to identify unconstrained regions of our 2D resistivity image, the data-set used
in the 2D inversion was also inverted in 1D at each station location, using Bayesian MT
inversion software that we have developed. 1D inversions were chosen over 2D inversions
for this task, because uncertainty quantification (UQ) using the 2D forward function was
deemed to be far less computationally tractable. Noting the sparse distribution of wells
in the high-level aquifer, these 1D inversions were additionally motivated by a desire to
supplement well data used in groundwater modeling workflows, with electrical resistivity
profiles generated from MT data. In these modeling workflows, head measurements from
wells in the model domain are often considered as the data in an inverse problem seek-
ing the subsurface distribution of hydraulic conductivity (termed model calibration in the
groundwater modeling parlance). Because hydraulic conductivity is a crucial parameter
for accurately modeling groundwater flow, the sparsity of wells in the high-level aquifer
contributes directly to a diminished understanding of how high-level water flows through
the subsurface. Towards overcoming this deficiency, we envisioned a data collection pro-
cedure in which a single MT station acts as a virtual water well, in that a head extracted
from a 1D inversion result, could be used as a groundwater model calibration input. This
would provide hydrologists with a method of rapidly and non-invasively collecting time-
series observations of head at arbitrary locations on Earth’s surface.
These inversions were carried out using software that we have developed in the Stan mod-
eling language (Carpenter et al., 2017). In the 1D model, the Earth is represented as a
series of discrete, homogeneous layers. Because the squared misfit term in equation (2-3)
is proportional to the log-posterior density of a Gaussian distribution for d, we assigned
a Gaussian distribution to the data in the 1D model as well, so as to mimic the Occam
formulation. Similarly, we chose a prior on m that assigns a Gaussian distribution to the
parameter differences, so as to mimic the roughness term ∥Rm∥2, in equation (2-3). The
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overall statistical model is thus given by
D|(M = m, S = s) ∼ N (F(m), sW−1)




Mi|(A = α) ∼ N (mi+1|α
√
hi) 2 ⩽ i ⩽ Nm
S,A ∼ Γ(2, 0.1) ,
(2-5)
where hi and ρi denote the thickness and electrical resistivity (respectively) of the ith
layer in the Earth model, S acts as a naive method of incorporating uncertainty in the
estimate of W, and A accounts for uncertainty in the amount of smoothness that should
be preferred (similar to the Lagrange multiplier µ in equation (2-3)). The implementation
of the forward function F, follows the total field impedance solution procedure described
in (Iskander, 2013, Chap. 5.5). The Γ(2, 0.1) distribution for S and A, is chosen for its
zero avoiding property, preventing the sampler from taking draws near the singularity in
the posterior density function at S = A = 0. Previous studies applying models similar to
equation (2-5) for inverting MT data using an MCMC sampler, include (Guo et al., 2011)
and (Conway et al., 2018). Noting that in a 1D Earth model, inversions performed on
the xy and yx components of Z have identical results, we applied this inversion procedure
to the xy and yx apparent resistivities and phases at each station, as a naive means of
assessing the dimensionality of the subsurface.
2-4 Magnetotelluric inversion results
To first order, the 2D inversions from MARE2DEM (Fig. 2-1) exhibit a layered resistivity
distribution with four distinct ‘zones’:
1. A shallow resistive zone extending to a few hundred meters below the surface of the
Earth, exhibiting resistivities on the order of 10 kΩm. These values are consistent
with the values for dry, Hawaiian basaltic rock, as described by (Pierce and Thomas,
2009).
2. A mid-depth resistive zone, slightly more electrically conductive than the top zone
and clustered around MSL, exhibiting resistivities between 1 kΩm down to around
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300Ωm. The values at the high end of this range (from approximately 1 kΩm to
600Ωm) are consistent with freshwater saturated Hawaiian basaltic rock (per labora-
tory measurements published in (Rai and Manghnani, 1981, Table 2), and borehole
water-level observations that were correlated with an MT survey by (Pierce and
Thomas, 2009)).
3. A deep, electrically conductive zone beginning at around 1 km below mean sea level
(below mean sea level (BMSL)), and exhibiting resistivities below 100Ωm. These
values are mostly consistent with saltwater-saturated Hawaiian basalts (167Ωm to
41Ωm (Rai and Manghnani, 1981, Table 2)), with some anomalies falling below this
range.
4. A resistive zone truncating the conductive zone, beginning at around 2 km BMSL,
with resistivities on the order of hundreds of Ωm.
The deep conductor dips slightly westward, and in the vicinity of station PALB2, rises
to around MSL, where it takes on low resistivities on the order of 1Ωm, far below the
minimum resistivity of 40Ωm reported by Rai and Manghnani (1981) for seawater satu-
rated basalt. At the image’s western limit, where the survey line intersects the inferred
location of the high-low divide (between PALB5 and PAL6, see Fig. 1-1), the conductor
rises abruptly to a few hundred meters below MSL. Again, low resistivity values on the
order of a few Ωm can be observed at this depth-level. To the immediate east of this
feature, a narrow resistor dips sharply to the east (dark blue color).
The 1D inversion results throughout the line (Fig. 2-2) generally agree with depth profiles
extracted from the 2D inversion at the same locations. The xy and yx component inversions
in most cases also agree with one another, suggesting that the Earth along the survey
line has a layered structure at most locations. Deviations between these three profiles
are strongest near the high low divide’s indicated location, likely due to an increase in
subsurface heterogeneity that invalidates the 1D modeling assumptions. The posterior
resistivity distributions are well constrained above approximately 1.5 km BMSL, below
which the distributions become significantly more diffuse.
To assess the fit of the 1D results to the data, we compare simulations from the poste-
rior predictive distributions for apparent resistivity and phase, to the inverted data. The
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Figure 2-1: 2D deterministic inversion result from MARE2DEM. The depth scale is rela-
tive to mean sea level, and the along profile distances are in easting relative
to the western extent of the mesh. The color scale has been manually ad-
justed so that dark-blue colors correspond roughly to the resistivity range for
dry Hawaiian basalts (following Pierce and Thomas (2009)), light-blues to the
range for Hawaiian basalts saturated with fresh water (following Rai and Mangh-
nani (1981), and Pierce and Thomas (2009)), and reds to the range for sea-
water saturated Hawaiian basalts (following Rai and Manghnani (1981)). The
divide structure’s presumed location, based on heads observed in neighbouring
wells (Fig. 1-1), lies between stations PALB5 and PAL6. The black rectangle
at around 41 km along profile, indicates the region in which the salinity and
porosity estimation procedure is performed.




fD|M(d̃|m)fM|D(m|d) dm , (2-6)
is the distribution of unobserved data D̃, as predicted by the model’s fit to the observed
data D. If the observed data appear to come from the same distribution as the predicted
data, then we can conclude that the model is a reasonable representation of the data (i.e. it
fits the data well). The posterior predictive distributions (see A) of apparent resistivity
and phase, show good agreement with the data. The xy and yx apparent resistivities
and phases generally fall within the 95% central interval (CI)s, while simulations from
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the posterior predictive have similar shapes to the data distributions. This suggests that
equation (2-5) is an adequate model for the data.
To test the hypothesis that the narrow, sharply dipping resistor at the western end of
Fig. 2-1 is associated with a vertically-oriented, highly-resistive body (as opposed to an
anomaly in the inversion result, for example due to spatial aliasing), we prepare a synthetic
resistivity model containing the feature in question, and then invert the synthetic MT data
generated from that model. In the synthetic model, we place a 100m thick, vertically-
oriented, 10 kΩm resistive body at the approximate location of the dipping resistor in
Fig. 2-1. This synthetic body represents a dense low-permeability structure, such as a
small complex of dikes, or perhaps an unusually massive lava flow draped over a cliff.
The synthetic body separates a 41m thick low-level aquifer to its west, from a 1.04 km
thick high-level aquifer to its east. The synthetic aquifers are both basal, and have a
resistivity of 600Ωm (consistent with the values for freshwater-saturated rock reported
by Rai and Manghnani (1981) and Pierce and Thomas (2009)). Seawater-saturated basalt
is represented in the model with a resistivity of 10Ωm (slightly below the range presented
in (Rai and Manghnani, 1981)), while dry basalt is represented with a resistivity of 3 kΩm
(an order of magnitude below the range for dry basalts reported by Pierce and Thomas
(2009), so as to provide some resistivity contrast with the dike complex). The station
locations, model topography, and bandwidth of inverted data, are identical to those used
to prepare the field data inversion seen in Fig. 2-1. To make the synthetic data more
representative of electromagnetically noisy field data, white Gaussian noise with 4% relative
standard deviation is added to the simulated apparent resistivities and phases prior to
inversion. This is less ‘noisy’ than the error floor we assigned to the field data, hence the
synthetic inversion result represents an upper limit on the resolvability of the synthetic
features.
The resultant resistivity image, shown in Fig. 2-3, has many features that are to first order,
visually similar to those seen in Fig. 2-1. Most notable are the imprints of the synthetic
high-level aquifer and dike complex. A vertically oriented resistive body straddles the
western extent of the high-level aquifer, and lies to the immediate east of the dike complex.
This imprint is vertically oriented, whereas the associated feature in Fig. 2-1 dips east. To
the east of this feature (directly beneath PAL4), the dry zone appears to subside and
‘interfinger’ with the high level aquifer, with a shape resembling the resistive zone between
PAL2 and PAL1 in Fig. 2-1. This feature, which has no corresponding synthetic structure,
is an anomaly that we believe may be due to spatial aliasing of the dike complex (which
16
compared to the length scale of the MT source mechanisms, is a small wavelength feature
that may require a denser station spacing to properly resolve). Between these two features,
the base of the high-level aquifer has an upward ‘kink’, resembling the upward kink in the
mid-range resistive zone of Fig. 2-1. The sharp interface between fresh- and saltwater-
saturated rock in Fig. 2-3 is readily identified, although the smooth nature of the inversion
algorithm makes its absolute location discernible to within only a few hundred meters.
Similarly, although the high-level aquifer’s head is clearly present in Fig. 2-3, accurately
extracting its location is not possible.
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Figure 2-2: Gaussian kernel density plots of the xy- (left panels) and yx- (right panels) com-
ponent posterior resistivity distributions at stations PALB0, PAL6, and PAL1.
For a single depth, the darkness of each cell corresponds to the degree of belief
in the parameter taking on that value, with darker colors representing greater
confidence. Profiles taken from the model shown in Fig. 2-1 are overlain in
green, and in general agree reasonably well with the posteriors. At PAL6, the
posteriors diverge from one another, and also from the green profile, likely due
to an increase in subsurface heterogeneity that violates the 1D modeling as-
sumptions. The distributions become significantly more diffuse at approximately
1 km BMSL, suggesting that the resistivity models are poorly constrained below
that point.
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Figure 2-3: Model generated by inverting synthetic MT data simulated from a synthetic re-
sistivity model. The interfaces in the synthetic model are overlain in black. The
synthetic model features an approximately 100m thick, vertically oriented, high
resistivity ‘sheet’, separating a thin coastal aquifer from a thick basal aquifer.
The vertical sheet’s resistivity was set to 10 kΩm to represent a nearly im-
permeable intrusive feature, the dry zone was set to 3 kΩm (representative of
dry basalts), the freshwater zones were set to 600Ωm (at the low end of the
freshwater saturated basalt resistivities reported by Rai and Manghnani (1981,
Table 2)), and the saltwater zone was set to 10Ωm (slightly more conductive
than the seawater saturated basalt resistivities report by Rai and Manghnani
(1981, Table 2)). To facilitate comparison, the simulated frequencies were cho-





3-1 Salinity and porosity
Due to the non-unique nature of the MT inverse problem, the importance of quantifying
uncertainty during the interpretation stage cannot be understated. In our analyses, we
should consider not only the uncertainty in our resistivity estimates, but also in the hy-
drological inferences we draw from them. Recall that one of our goals in this study, is to
identify fresh and saline groundwater in the high level aquifer, along with the depths at
which they occur. One method of constructing quantitative estimates of both salinity and
porosity (which together can be related to bulk resistivity), along with their uncertainties,
is to again use equation (2-4) to relate the estimated resistivities to the hydrological pa-
rameters of interest. Consider a fully-saturated formation (e.g. an aquifer). Let Φi denote
the porosity of the volume of rock represented by the ith cell of a discretization mesh, and
Rwi the electrical resistivity of the saturant in that cell, where the uppercase notation again
denotes a random variable. We will use Archie’s law (Archie, 1942), originally developed in
sedimentary environments, but demonstrated by Rai and Manghnani (1981) to be applica-
ble to Hawaiian basalts, as our physical model relating bulk resistivity, porosity, and fluid
resistivity. Denoting an estimate of the bulk resistivities in the mesh as M (in our case,
the 2D inversion result from MARE2DEM), we form a distribution for M following Chave
and Jones (2012, Chapter 8), who noted that for a fixed value of the Lagrange multiplier
µ, equation (2-3) implies a Gaussian distribution for M. Denoting the Jacobian of the MT
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Next, we formulate priors for the parameters Φi and Rwi . Because porosities are restricted
to the set (0, 1], we determine the beta distribution to be a natural choice of prior for Φi,
and introduce a dataset of observed porosities Φ̂k (which are independent of the mesh),
in order to constrain the Beta shape parameters A and B. Φi and Φ̂k are both assigned
the same distribution. Denoting salinity (in parts per thousand (PPT) of total dissolved
solids) as Ĉi, we form the fluid resistivity prior by first assuming a linear relationship
between Rwi and Ĉi, which allows us to instead place a prior on salinity. Noting that
salinities are strictly positive, and assuming that they should generally fall between tap-
water and seawater, we choose a Log-normal distribution for Ĉi, with the location and
shape parameters µc and σc, determined by setting quantiles for the salinities of tap-water
and seawater, and then using an algebraic solver to determine corresponding values of µc
and σc. The overall statistical model is given by
M|(Φ = ϕ,Rw = ρw) ∼ N (µM(ϕ, ρw),CM)
µM = −n log10(Φ) + log10(ρw)
Φi, Φ̂k|(A = a,B = b) ∼ Beta(a, b)
log10(R
w
i )|(Ĉi = ĉi) = −aw log10(ĉi) + bw
Ĉi ∼ Lognormal(µc, σc)
A,B ∼ U(0,∞) ,
(3-2)
where µm is the base-10 logarithm of Archie’s law (Archie, 1942) with cementation exponent
n. Assuming that the lithology throughout the survey area is constant, n can be set to a
constant value.
We apply this porosity/salinity estimation method to a rectangular segment of the
MARE2DEM inversion images (see Fig. 2-1). The size of the segment is made small,
so as to minimize run-time and facilitate rapid experimentation with the statistical model.
Because the form of Archie’s law used in equation (3-2) assumes that the formation is fully
saturated, the segment only includes cells that are beneath sea level. To construct the
dataset Φ̂, porosities from drill cores taken in Kilauea and the Humu‘ula Saddle are aggre-
gated from Revil et al. (2016, Table 1), and Revil et al. (2018, Tables 1 & 2). Assuming that
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the study site lithology is entirely basaltic, the value n = 2.57 is also adopted from Revil
et al. (2018). The slope and offset parameters aw and bw, which are used to define a linear
relationship between salinity and fluid resistivity, are determined from a least-squares fit
to synthetic samples of resistivity and salinity, generated by passing randomly drawn re-
sistivity samples through subroutines from the Gibbs Sea Water Toolkit (McDougall and
Barker, 2011), assuming a temperature of 25 degrees Celsius, and atmospheric pressure.
Samples from the posterior are drawn using software we have written in the Stan modeling
language (Carpenter et al., 2017). To avoid any inaccuracies introduced by the imposed
linear relationship between salinity and fluid resistivity, the final salinity estimates are
generated by converting the sampled fluid resistivities to absolute salinities using The
Gibbs Sea Water Toolkit, again at a temperature of 25 degrees Celsius, and atmospheric
pressure. The constants µc and σc are determined by setting the 0.01 and 0.99 quantiles
of Ĉi to 0.07 and 35, respectively. In units of PPT of total dissolved solids, these values
correspond to the tap-water and seawater solutions used in (Rai and Manghnani, 1981,
Table 1). Finally, profiles of salinity and porosity, taken midway between the western and
eastern limits of the inverted segment (the black rectangle in Fig. 2-1), are prepared from
the draws (shown in Fig. 3-1).
3-2 Results
The posterior salinity profile (Fig. 3-1) increases with depth, taking on its largest value
at around 1.25 km BMSL. The posterior porosity profile also shows an increase at this
depth, but otherwise shows little variation. At mean sea level, the median salinity is
around 1.0 PPT, and the mean salinity is around 2.0 PPT. With increasing depth, these
central tendencies for salinity approach, but do not reach seawater salinity, despite the 2D
and 1D resistivity estimates reaching the seawater range in (Rai and Manghnani, 1981,
Table 2). Mean salinity throughout the profile is always greater than the median, and
the 95% CI for salinity is very wide throughout the profile. Draws from the posterior
predictive distribution (Fig. 3-2) show some significant deviations from the MARE2DEM
estimate, but generally follow its overall shape. The most noticeable discrepancy is the
lack of a distinct peak near saltwater values, although some flattening of the curves is
seen in this range. This suggests that the statistical model underestimates the salinity of
seawater. The draws appear to share a maximum with the MARE2DEM estimate, but
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Figure 3-1: Posterior distributions of porosity (left) and absolute salinity (right), taken mid-
way between the eastern and western limits of the rectangular segment in Fig. 2-
1. Depths are in meters below mean sea level. The vertical dashed line in the
salinity plot, indicates the salinity of seawater. Both the salinity and porosity
distributions take on their maximum values between 1 km and 1.5 km, with the
mean of salinity approaching (but never reaching) seawater salinity.
between the draws and the MARE2DEM estimate appear to be centered about zero, and
have flat spots at positive and negative 10Ωm, likely due to the discrepancies noted at
high and low resistivities.
3-3 Hydrogeological interpretation
We have prepared a resistivity image with the following interpretation overlain, shown
in Fig. 3-3. The electrical resistivities observed in Fig. 2-1 are consistent with (in order
of increasing depth): unsaturated rock, freshwater saturated rock, saltwater saturated
rock, and freshwater saturated rock. The diffuse behavior observed in the 1D inversions
at depth coincides with the deep resistor’s location, suggesting that its properties are
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Figure 3-2: Left: Distribution of the resistivities in the inverted segment in Fig.2-1 (solid
black), compared to draws from the posterior predictive distribution (transparent
blue). Right: Distribution of the residuals y − yrep. The posterior predictive
draws lack the distinct low resistivity mode seen in the data, and have heavier
tails.
surpassed by the salinity profile (Fig. 3-1), samples surpassing 17 PPT (the salinity at
a transition zone’s midpoint (Lau and Mink, 2006)) occur at roughly 1 km BMSL. This
suggests that a transition from fresh to salt water occurs in the high level aquifer, at a
depth of roughly 1 km BMSL (Fig. 3-3). It is not surprising that the inferred depth to
saltwater coincides with the depth of investigation, since increases in conductivity yield
corresponding decreases in electromagnetic skin depth (Chave and Jones, 2012). Because
skin depth also decreases with increasing frequency (Chave and Jones, 2012), the depth
of investigation in our results, which for an MT survey can be considered very shallow, is
likely to be further limited by the narrow, high-frequency bandwidth of the data used in
the inversions.
Between PAL1 and PAL5, a transition from unsaturated to freshwater-saturated rock is not
immediately discernible from the images. The contact between the shallow and mid depth
resistors is erratic, and not representative of a confining layer, nor a contiguous water table.
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Figure 3-3: 2D inversion result, with the hydrogeological interpretations and inferred bound-
aries overlain.
If high-level freshwater is indeed hydraulically continuous with saltwater, then a freshwater
head level, which in an unconfined aquifer coincides with the water table, can be estimated
from the inferred transition zone’s location. Assuming that fluid motion is predominantly
horizontal, and that the high-level freshwater is truncated by seawater, substituting our
inferred depth to saltwater of approximately 1 km into the Ghyben-Herzberg ratio, gives
a head of 25m. Although low for a high-level well, this head is on the order of the
high-level heads observed to the immediate north of the survey line (between 40m and
100m AMSL (Bauer, 2003)), suggesting that our estimated depth to seawater is reasonably
consistent with field observations of head.
To the east of PAL1, the transition from high- to mid-range resistivities is markedly sharper.
Mid-range resistivities consistent with freshwater-saturated basalts occur primarily above
sea level, which does not corroborate the interpretation of a vertically extensive basal
aquifer. A ‘flattening’ is observed in the 1D inversions at PALB0 (Fig. 2-2), which may be
representative of a shallow perched aquifer. This flattening is absent in the corresponding
profiles from the 2D inversion, possibly because the Occam algorithm that was used to
generate the 2D inversion, has smoothed over this feature. The shape of this contact
between high- and mid-range resistivities bears some similarity to the shallow perched
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aquifer in Fackrell (2016)’s Keauhou North conceptual model (Fackrell, 2016, Fig. 3.7c),
in that both follow the topography.
The abrupt ‘jump’ in the deep conductor seen between PALB5 and PAL6, is likely a
signature of the high-low divide. Beneath PALB5, resistivities consistent with freshwater
saturated basalt occur at depths of up to roughly 300m BMSL, which using the Ghyben-
Herzberg ratio, yields a maximum head of 7.5m. This inferred head is consistent with the
low level heads reported by Bauer (2003). Bauer (2003) also notes an average water level
of 1.5m for a well to the immediate east of PALB5 (well name Pāhoehoe in (Bauer, 2003,
Table 3)), which is on the order of (and hence agrees with) our inferred maximum head.
3-4 Discussion
It is important to note that our simplistic analyses that use the Ghyben-Herzberg ratio
to infer heads from inferred seawater contacts, do not account for the presence of con-
fining layers, for which there is evidence in both the high- and low-level systems (Bauer,
2003). Thus, while these results suggest that the inferred depths to seawater are reasonably
consistent with field observations of head, they cannot serve as accurate head levels.
Contrary to the qualitative analyses, the central tendency of the estimated salinity profile
does not corroborate the interpretation that the high-level freshwater body is truncated
by seawater, since inspection of Fig. 3-1 shows that only a small fraction of the draws
exceed seawater salinity. This may be due to deficiencies in the petrophysical model used
in eqn. (3-2), which neglects the rock’s surface conductivity, a quantity which Revil et al.
(2016) and Revil et al. (2018) note is crucial for correct application of Archie’s law in
volcanic environments. Similarly, Rai and Manghnani (1981) observed variations in the
Archie’s law parameters as a function of salinity, which they noted could be due to surface
conduction effects. Surface conduction effects are neglected in our analyses, in order to
reduce the number of unknown parameters in what is already a strongly underdetermined
system. The log-normal salinity prior is also somewhat ad hoc, in that it does not in-
corporate field observations, aside from the choice of tail weights (the values of which are
somewhat arbitrary, and simply reflect soft bounds on salinity). While the positive skew
of the log-normal distribution may adequately represent salinity in the freshwater zone, at
higher salinities this shape may place too much mass above seawater values, forcing the
posterior mode to remain at lower salinities.
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Although Revil et al. (2018), from whom we adopt our value of the Archie’s law cementa-
tion exponent n in equation (3-2), claim that this value of n “can be used for all volcanic
rocks in Hawai‘i”(Revil et al., 2018, Page 48), our study does not include actual porosity
observations (due to a lack of samples) to corroborate this claim and justify our adoption
of their value (recall that the observed porosities Φ̂ in equation (3-2) are from cores taken
outside of our study site). We also suspect that the types of data used in the porosity and
salinity estimation (bulk electrical resistivities from an inversion model, and independent
core log porosities), are likely not informative enough to constrain the values of all three
Archie’s law parameters (fluid resistivity, porosity, and cementation exponent). The sen-
sitivity of the solution to the value of of the Archie’s law cementation exponent n, could
however be investigated by considering a single value n̂, taken from the literature, to be
an observed data point, and then ascribing a distribution to this random variable (with
parameters ideally also taken from the literature). Comparing the distributions in Fig. 3-1,
which consider n to be known perfectly, to those produced when n is considered a random
variable, should give some idea of the sensitivity of the posterior distribution to changes
in n.
The non-identifiability of the porosity and salinity parameters in Archie’s law, may also
act to lower the salinity estimates at depth. Given a fixed cementation exponent, Archie’s
law can satisfy any value of bulk resistivity using an infinite number of porosity and fluid
resistivity combinations, with decreases in either of the two resulting in a simultaneous
increase in the other. The porosity and salinity estimates we have presented should thus
be considered to represent bounds on the allowable values of the two parameters. Noting
that in Fig. 3-1, both porosity and salinity take on their maximum values at roughly the
same depths, it may be true that fixing porosity to a single value at the lower end of its
distribution, will yield a simultaneous increase in the salinity profile’s maximum value, and
hence a greater number of samples meeting or exceeding seawater salinity. We additionally
note that although very few samples meet or exceed seawater salinity, the 95% CI first
exceeds a salinity of 17 PPT (representative of the transition zone midpoint (Lau and
Mink, 2006)) at around 1 km BMSL, which is indeed consistent with our qualitatively
inferred depth to seawater.
The seawater resistivities occurring at MSL between PAL1 and PALB0, are at present
not readily explained, nor is the apparent large body of freshwater above MSL coinciding
with it. It is possible that this ‘uplift’ in the deep conductor is indeed associated with
saltwater saturated basalts, an interpretation that disagrees with the laterally contiguous
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and extremely deep high-level freshwater bodies envisioned by Oki (1999) and Fackrell
(2016). Because the survey line is situated on the flank of an active volcano, hydrothermal
or chemical alteration to the rock in this zone leading to a decrease in its resistivity, may
explain this anomaly, and would not preclude the presence of freshwater at these depths.
The transport of thermal fluids from the volcano’s core and/or remnant geothermal heat
may also explain the resistivities in this zone, as increases in temperature are known to
yield corresponding decreases in the resistivities of basalts (Pierce and Thomas, 2009).
The resistivity image prepared from our synthetic modeling test (shown in Fig. 2-3) displays
features that resemble those seen in Fig. 2-1. This result agrees with the hypothesis that
the divide structure is comprised of low permeability intrusives. However, the resistive
‘barrier’ in Fig. 3-3 dips east, which does not agree with any of the structures proposed
by Oki (1999) and Fackrell (2016) (all of which either dip to the west, or are vertically
oriented). We consider the results of the synthetic modeling test to be inconclusive, because
they do not explore the sensitivity of the results to changes in the shapes and orientations
of the synthetic structures, nor do they explore alternative conceptual models (the features
of which may have similar imprints to those in Fig. 2-3, which would make these models
indistinguishable from one another). Extensions to this test should consider the fracture
and massive lava flow models of Oki (1999), and the Keauhou North model of Fackrell
(2016, Fig. 3.7c). Experimentation with the perching formations of the latter may provide
insight into the shape of the shallow resistor in Fig. 3-3.
3-5 Conclusions
Our 2D deterministic MT electrical resistivity inversion results for an approximately 10 km
long transect in the Keauhou aquifer, on Hawai‘i’s Big Island, exhibits a layered resistivity
structure, with three distinct (and reasonably well constrained) ‘layers’. High electrical
resistivities consistent with dry basalt occur at depths of up to a few hundred meters
beneath ground surface. Low resistivities associated with seawater-saturated basalt occur
at approximately 1 km BMSL. Mid-range resistivities consistent with freshwater-saturated
basalt occur between the two. These observations are consistent with a high-level resource
that is vertically extensive and truncated with seawater, most likely via a brackish mixing
zone.
Based on 1D Bayesian MT inversions, a 2D deterministic MT inversion in the Keauhou
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aquifer was deemed to be reasonably well constrained at depths up to approximately
1 km BMSL. Beneath this depth, the 1D profiles become markedly more diffuse, suggest-
ing that deeper features are poorly constrained by the data. The depth of investigation is
likely limited by the narrow, high-frequency bandwidth of the inverted data, along with the
presence of a strong conductor (as strong conductors are known to limit the penetration
depth of EM signals and affect imaging resolution). Although the 1D inversions appear to
have been an effective method for assessing the reliably interpretable regions of our 2D in-
version, we caution against haphazard interpretation of 1D MT inversion results (especially
their structure), as this work has also demonstrated the well known phenomenon of an in-
crease in subsurface heterogeneity grossly compromising a 1D resistivity model (see PAL6
in Fig. 2-2). A more comprehensive workflow should include subsurface dimensionality
analyses in the vein of those described in (Chave and Jones, 2012, Chap. 6).
In both the 1D and 2D inversions, it is not possible to accurately identify the exact spatial
transition location from unsaturated to saturated rock, precluding any determination of
head from the MT data alone. This is likely due to the long-period, large-wavelength
nature of the MT source fields (which are better suited to imaging broad structures with
strong resistivity contrasts), compounded by the use of inversion routines that emphasize
smooth models. The utility of using these results as direct inputs to a groundwater flow
modeling workflow (for example, by using single station MT inversions as virtual water-
wells approach), thus seems limited, although we anticipate that they will be useful as a
means of qualitatively validating the structures in such models.
An abrupt west-to-east deepening of the supposed transition zone is consistent with the
known location of a hydrological discontinuity (the high-low divide) near Mamalahoa high-
way. This suggests that the high-low divide’s presumed location is accurate on the survey
line to within a few kilometers. A narrow high-resistivity feature in this region of the image
may be representative of a dense vertically-oriented structure, but bears an eastward dip
that is not consistent with existing conceptual models for the divide structure.
The 95% CI of the posterior distribution of salinity (as a function of depth) surpasses a
salinity of 17 PPT at a depth of approximately 1 km BMSL, a result which corroborates a
1 km depth to seawater saturated rock. In contrast, the median of the posterior does not
surpass a salinity of 10 PPT, and only a small portion of the 95% CI meets or surpasses
a salinity of 35 PPT (representative of seawater). This may be due to deficiencies in the
petrophysical model, which does not account for surface conduction effects, and also the
statistical model, which employs a salinity prior that may not be flexible enough (or may
30
have too much of a positive skew) to adequately represent seawater.
Towards further exploring the application of MT data as a direct input into a groundwater
flow modeling workflow (the so-called virtual well methodology), it may be worthwhile to
experiment with a sharp boundary 1D inversion routine, such as that described by (Conway
et al., 2018), along with priors that allow resistivity gradients larger than those afforded
by Occam’s inversion, for example using the Horseshoe Prior described in (Piironen and
Vehtari, 2016). By allowing sharper transitions in resistivity with respect to depth, these
approaches may permit more accurate identification of the transition point from dry to
wet rock. We note that the potential applicability of these approaches is not limited to the
inversion of MT data for electrical resistivity, in that they could also be used to extend our
salinity/porosity inversion methodology.
Future work on the salinity and porosity estimation methodology we have described should
incorporate salinity observations from high-level wells into the prior distribution, and ex-
plore priors for salinity that have more flexible shapes. In particular, distributions with
skew varying as a function of depth may do a better job of representing saltwater-saturated
regions, because their masses can be constrained to always concentrate within observed
upper and lower salinity bounds. Towards further exploring the hypothesis that the high-
level system is indeed truncated with seawater, it may also be worthwhile to experiment




Posterior predictive distributions of
apparent resistivity and phase
Left panels: Posterior predictive distributions of apparent resistivity and phase, corre-
sponding to the 1D inversions shown in Fig. 2-2. Right panels: Kernel density estimates
(marginalized over frequency) of the observed data (solid black), compared to draws from
the posterior predictive (transparent grey). The data are mostly contained within the
95% CIs, and the posterior predictive draws appear representative of the data distribu-
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